Ambient Particulate Matters (PM 10 , PM 2.5 and PM 0.1 ) were investigated at Shinjung station in New Taipei City, Taiwan. Samples were collected simultaneously using a dichotomous sampler (Andersen Model SA-241) and a MOUDI (MSP Model 110) over a 24-h period from May 2011 to November 2011 at Shinjung station. Samples were analyzed for metallic trace elements using ion coupled plasma mass spectroscopy (ICP-MS) and ionic compounds by ion chromatography (IC). The average concentrations of PM 10 , PM 2.5 and PM 0.1 were found to be 39.45 ± 11.58, 21.82 ± 7.50 and 1.42 ± 0.56 μg/m 3 , respectively. Based on the chemical information, positive matrix factorization (PMF) was used to identify PM sources. A total of five source types were identified, including soil dust, vehicle emissions, sea salt, industrial emissions and secondary aerosols, and their contributions were estimated using PMF. The crustal enrichment factors (EF) were calculated using Al as a reference for the trace metal species to identify the sources. Conditional probability functions (CPF) were computed using wind profiles and factor contributions. The results of CPF analysis were used to identify local point sources. The results suggest a competitive relationship between anthropogenic and natural source processes over the monitoring station.
INTRODUCTION
The role of particulate matter (PM) in climate change has long been recognized (IPCC, 2007) , and aerosols can also adversely affect human health via inhalation, especially in the urban environment (Khan et al., 2010; Kim et al., 2011) . Epidemiological studies show different associations between adverse health effects and particles with aerodynamic diameters of less than 2.5 μm (PM 2.5 ) and less than 10 μm (PM 10 ) (Barmpadimos et al., 2011; Mcbride et al., 2011) . The sources of PM 2.5 and PM 10 are different, and include a wide range of natural phenomena and human activities. PM 10 particles mainly originate from sea salt, soil dust resuspension, construction/demolition, non-exhaust vehicle emissions, and industrial fugitives, whereas PM 2.5 and PM 0.1 particles are mainly produced by combustion processes, forest fires and transformation of gaseous species. The lifetime of smaller size particles (PM 2.5 and PM 0.1 ) can range from days to weeks, while bigger particles (PM 10 ) have a lifetime of hours to days. Atkinson et al. (2010) investigated the associations between PM fractions and respiratory/ cardiovascular mortality and morbidity in London, and the results were largely dependent on the day lag examined and the type of health outcome. The most significant effects were recorded for 1-day lagged respiratory hospital admissions, which was comparable to the corresponding effect of PM 2.5 .
Several studies show that ambient particulate pollution is associated with certain health and environmental effects (Choosong et al., 2010; Ning et al., 2010; Wang et al., 2012) . Trace elements are important components of aerosols, and industrial, residential, and traffic related activities have resulted in a substantial increase in trace metals (e.g., Cu, Pb, Zn, Cd, Ni etc.) in the atmosphere. The organic components of atmospheric aerosols play an important role in particles with an aerodynamic diameter of less than 1 μm (fine mode). Aside from high concentrations of coarse mineral particles, PM 2.5 can be observed when Asian dust (AD) approaches Taiwan . Emissions from mega-cities are also a source of pollutants to other parts of the world through their long range transport. A reliable quantitative estimation of PM 2.5 and PM 10 is thus needed to support the implementation of air quality modeling studies (Sahu et al., 2011) .
The identification of emission sources and quantification of their contributions to the ambient concentration of pollutants has been a major focus of urban air quality research. The development and application of improved tools is thus required for the identification and apportionment of atmospheric aerosols. Receptor modeling offers a way to achieve this by measuring the concentration of pollutants at a sampling site (Hopke, 1991) . One type of receptor model is the multivariate model, which was recently improved significantly due to a new approach called positive matrix factorization (PMF) developed by Paatero and colleagues (Paatero and Tapper, 1993, 1994; Paatero, 1997 ) using a least squares approach. PMF solves the problems arising in factor analysis by integrating non-negativity constraints into the optimization process, and utilizing the error estimates for each data value as point-by-point weights (Begum et al., 2004) . PMF provides a flexible modeling approach and allows effective use of the information in the data, and has been applied successfully to receptor modeling around the world (Polissar et al., 1998; Kim et al., 2004; Lee and Hopke, 2006; Karanasiou et al., 2009) .
The present study thus utilizes PMF to identify the source profiles and apportionment of PM 10 , PM 2.5 and PM 0.1 particles, and to estimate the mass contributions of source factors from different wind directions using the Conditional Probability Function (CPF) at Shinjung station, Taiwan.
METHODOLOGY

Sampling Site Description
Samples were collected at Fu Jen Catholic University campus, which is a four-floor building in Shinjung (25°02N, 121°25E), located in New Taipei City, with the surrounding area shown in Fig. 1 . Taipei City has a monsoon-influenced humid subtropical climate, which is slightly different from a true tropical climate. Summers are hot, humid, and accompanied by occasional heavy rainstorms and typhoons, while winters are short, mild and generally very foggy, due to a northeasterly wind. Because of Taiwan's location in the Pacific Ocean, it is affected by the Pacific typhoon season, which occurs between June to October. The sampling station is surrounded by Wugu Industrial Park (3.5 km) and Taishan Industrial Zone (3.5 km) to the north, Sanchong to the east, Banqiao and Shulin to the south, and Taoyuan County to the west. The traffic flow is heavy during the morning and evening rush hours when commuters as well as neighborhood residents may be exposed to high concentrations of PM. A total of 18 samples were collected during 18 sampling days over a 24-h period from May 2011 to November 2011 at Shinjung station.
Sampling Method and Analysis
PM 10 , PM 2.5 and PM 0.1 samples were collected by using a MOUDI (Model 110, MSP Corp., MN, USA) and a dichotomous samplers (Model SA-241, Andersen Inc., Georgia, USA) operated at flow rates of 30 and 16.7 L/min (Chen et al., 2010) , respectively. The MOUDI sampler has 10 size stages, with the nominal cutoff diameters of 18 (inlet), 10, 5.6, 3.2, 1.8, 1.0, 0.56, 0.32, 0.18, 0 .1 and 0.056 mm (Marple et al., 1991) . The substrates used in the study were Teflon (Zefluor P5PJ047, Pall Corp., New York, USA) filters. Stages 0-9 of the MOUDI used silicone greasecoated foils to reduce solid particle bouncing, so that accurate PM 0.1 samples were obtained by the Teflon filters. The PM samples collected by the silicon grease-coated foils in stages 1-9 of MOUDI (18-0.1 mm) were analyzed gravimetrically but not chemically, because of interference from the grease-coating. The Teflon filters were conditioned for at least 24-h in a temperature and relative humidity controlled room (22 ± 1°C, 40 ± 5% RH) before sampling (Chen et al., 2010) . The average mass concentrations of PM 10 and PM 2.5 determined by the MOUDI were in agreement with those obtained from the Dichot, with a relative deviation of < 20% (Chen et al., 2010) .
Before chemical analysis, all the Teflon samples were first weighed to determine the mass concentrations of the PM samples. The electrostatic charge of the filters was eliminated by an ionizing air blower (Model CSD-0911, MEISEI, Japan) before weighing. A microbalance (Model CP2P-F, Sartorius, Germany) was used to weigh the filters after being conditioned for at least 24-h in the temperature and relative humidity controlled room. After gravimetric analysis, each Teflon filter was cut equally in half using Teflon coated scissors. One half was analyzed by an ICP-MS (Elan 6100, Perkin Elmer, USA) for the identification of trace elements, while the other was analyzed by an ion chromatograph (IC, Model DX-120, Dionex Corp, Sunnyvale, CA) for ionic species. A Semi-Continuous OC-EC Field Analyzer (Model 4, Sunset Laboratory, Tigard, OR) was used to determine the organic carbon (OC) and elemental carbon (EC) mass concentrations in PM 2.5 . The OC and EC data were only available for PM 2.5 , but not for PM 10 and PM 0.1 . The analyzed elements included the major (crustal) elements (Na, Mg, Al, K, Ca, Fe, and Si), submajor (anthropogenic) elements (Zn, Ni, Cu, Mn, Sr, Ag, Ba, Pb,V, Cr, and Ti, and the ionic elements (F , NH 4 + ). The crustal enrichment factors (EFs) of the trace elements relative to the earth's crust were calculated to indicate the contribution of other sources to the ambient elemental levels (Taylor and McLennan, 1985) . The EF of the elements in PM 10 , PM 2.5 and PM 0.1 mass concentration samples were calculated as:
where El sample and X sample are the element (El) and the reference element (X) mass concentrations in the sample, respectively, and El crust and X crust are the element (El) and the reference element (X) mass concentrations in the upper continental crust, respectively. There is no widely accepted rule for the choice of a reference element, except that it must be a terrigenous one. Al and Fe are the most commonly used elements for this purpose, and in this work the former was used, because it is relatively stable and is not affected by most anthropogenic contaminants.
Source Apportionment by Positive Matrix Factorization (PMF)
Positive Matrix Factorization (PMF v3.0) (USEPA, 2008) was used to identify the contributions of various emission sources. The PMF model is a multivariate factor analysis tool that decomposes the matrix of a speciated sample into two matrices: factor contributions and factor profiles. The PMF v3.0 model requires two input files: one for the measured concentration of the species, and one for the estimated uncertainty of the concentration. PMF is described in greater detail in Paatero and Tapper (1993) and Paatero (1997) .
A speciated data set can be viewed as a data matrix X of i by j dimensions, in which i number of samples and j chemical species are measured. The goal of multivariate receptor modeling with PMF is to identify a number of factors (p), the species profile (f) of each source, and the amount of mass (g) contributed by each factor to each individual sample, which is defined as:
where e ij is the residual for each sample/species. The results are constrained so that no sample can have a negative source contribution. PMF allows each data point to be individually weighed. The objective of the PMF solution is to minimize the object function Q based on the uncertainties (u) as follows (USEPA, 2008) :
where x ij are the measured concentrations (in μg/m 3 ), u ij are the estimated uncertainty values (in μg/m 3 ), n is the number of samples, m is the number of species and p is the number of sources included in the analysis.
EPA PMF v3.0 accepts two types of uncertainty file: sample-specific and equation-based. The sample-specific uncertainty file provides an estimate of the uncertainty for each sample of each species. While it should have the same dimensions as the concentration file, the uncertainty file should not include units. If the concentration file contains a row of units, the uncertainty file will thus have one less row than the concentration file. Negative values and zero are not permitted as uncertainties. The equation-based uncertainty file provides species-specific parameters that EPA PMF 3.0 uses to calculate the uncertainties for each sample. This file should have one column for each species, with species names as the column header. The first row under the species name is the detection limit, and the second row is the error fraction. The error fraction should be the percentage uncertainty divided by 100. Zeroes or negatives are not permitted for either the detection limit or the percentage uncertainty.
For the sampled concentrations below the MDL (method detection limit), the concentrations are replaced by one half of the MDL, and the missing values are replaced by the arithmetic mean. For concentrations above the MDL, the uncertainty is calculated as the sum of 1/3 of the MDL, analytical uncertainty, and C2 × concentration (where C2 is the optimal percentage identified using trial and error of PMF runs to assess the appropriate uncertainty weightings and obtain explainable factor profiles). If the concentration is less than or equal to the method detection limit (MDL), the uncertainty is calculated as the sum of (5/6) × MDL and analytical uncertainty, and four times the arithmetic mean is used as the uncertainty for the missing values (Polissar et al., 1998) .
The speciation dataset acquired from the sampling station in this study consisted of 30 species. Categorization of quality of data was based on the signal to noise ratio (S/N) and the percentage of samples above MDL. However some of the species were below the detection limit for most of the samples. Those species which have S/N ≥ 2 were categorized as having strong data quality, while those with S/N between 0.2 to 2 were categorized as having weak data quality. These species are not likely to provide enough variability in concentration, and therefore contribute to the noise in the results. Those species with S/N ratio below 0.2 were classified as bad values, and were thus excluded from further analysis.
Conditional Probability Function (CPF)
To analyze point the source impacts from various wind directions, the conditional probability function (CPF) was calculated with the source contribution estimated from PMF, coupled with wind direction values measured at the station (Kim et al., 2003a, b; Begum et al., 2004) . To minimize the effect of atmospheric dilution, the daily fractional mass contribution from each source relative to the total of all sources was used rather than the absolute source contributions. Here, the fractional contribution from each source is the same as the daily fractional contribution of sources. The same value of the daily fractional mass contribution was assigned to each 1-hr period of a given day to match the 1-hr average wind direction. Specifically, the CPF is defined as:
where m ∆θ indicates the wind frequency blowing from the direction of ∆θ in days with the concentration higher than threshold criterion, while n ∆θ indicates the frequency of wind blowing from the direction ∆θ in the overall data. In this study, 15 sectors were used (∆θ = 24°), while the threshold was set at the upper 25% percentile to define the directionality of the sources. This followed the practice of Kim et al. (2004) , who conducted tests with several different percentile values of the fractional contribution from each source, and the threshold criterion of upper 25 th percentile values was found to have the clearest directionality. Calm wind conditions with a wind speed less than 1 m/s were excluded from this calculation due to isotropic behavior of wind vanes under calm winds. It is expected that the sources are likely to be located in the directions that have high conditional probability values.
RESULTS AND DISCUSSIONS
Elemental Concentrations
The elemental concentrations of PM 10 , PM 2.5 and PM 0.1 are shown in Fig. 2 , in which elements are divided into three groups: crustal aerosols, anthropogenic aerosols and ionic compounds (water soluble aerosols). The mean concentrations of metal elements in PM 10 , PM 2.5 and PM 0.1 are 3.18 ± 1.29, 1.12 ± 0.49 and 0.03 ± 0.02 μg/m 3 , respectively, and those of ionic compounds are 9.88 ± 4.52, 3.13 ± 2.98 and 0.42 ± 0.33 μg/m 3 , respectively. The percentages of elements in PM 10 , PM 2.5 and PM 0.1 for the station are 8.23 ± 2.79, 5.13 ± 2.04 and 2.01 ± 1.27 %, respectively, and those for ionic compounds are 26.30 ± 11.93, 15.91 ± 9.41, 30.48 ± 16.20%, respectively. High percentages of ionic elements are noted in case of the ionic elements for all PM mass concentrations compared to the metal ones. The mean concentrations of OM (Organic Matter, OM = OC × 1.6) and EC concentrations in PM 2.5 are 5.89 ± 3.82 and 1.18 ± 0.78 μg/m 3 , respectively, and the percentages of OM and EC to PM 2.5 are 26.56 ± 16.67 and 5.38 ± 3.63 %, respectively. OM (26%) is the most abundant species for PM 2.5 at the station. The average concentrations of PM 10 , PM 2.5 , and PM 0.1 are 39.45 ± 11.58, 21.82 ± 7.50 and 1.42 ± 0.56 μg/m 3 , respectively, at Shinjung station. Table 1 presents the average concentrations given in terms of the arithmetic mean and S/N ratio for the particle mass PM, the measured elements and ions. A total of 30 species were selected for the PMF analysis with an S/N ratio greater than 0.2.
The EF values of the various species estimated in this study are shown in Fig. 3 . Table 2 shows the EF values for trace metals of the PM 10 , PM 2.5 and PM 0.1 mass concentrations. Sb, Cd and Pb has the highest EF, with Sb being the most enriched element for PM 10 particles followed by Cd, Pb, Sn, As and Mo, whereas in PM 2.5 and PM 0.1 particles Cd is the most enriched element. These elements have high EF values, ranging from 100 to 5,000, indicating that they are only weakly related to soil. K, Rb, Ba, Ni, Cu and Zn are in the range of 5 to 100 in the average EF, and are likely to be 
Source Apportionment
Identification of a physically meaningful and explainable number of factors is a key step in PMF source apportionment. As suggested by Hopke (2000) , and adopted by several recent source apportionment studies (Raman and Hopke, 2007) , iterative PMF runs with varying number of factors and FPEAK were performed. The goodness of model fit parameter 'Q' was evaluated to identify the optimal number of factors, and the optimal solution should lie in this FPEAK range. However, in the current study, a subset of species was used for the analysis, and thus the measured PM 10 , PM 2.5 and PM 0.1 concentrations were included in the PMF runs as an independent variable to obtain mass apportionment without the usual multiple linear regression analysis (Nicolas et al., 2008) . The mass fraction distribution of species was used to identify the sources, which included soil dust, vehicle emissions, sea salt, industrial emissions and secondary aerosols. The identified source profiles for PM 10 , PM 2.5 and PM 0.1 mass concentrations are shown in Fig. 4 , Fig. 5 and Fig. 6 , respectively. The source contributions for all concentrations are presented in Fig. 7 . The source contribution and source profiles of PM 2.5 mass concentration with OC, EC concentrations in this station are shown in Fig. 8 and Fig. 9 , respectively. Finally the CPF plots are presented in Fig. 10 . PMF analysis was used to study the different source profiles to PM 10 , PM 2.5 and PM 0.1 mass concentrations, and the different source contributions obtained for the sampling period are listed in Table 3 . Source contributions were derived from the average of all elements in the matrix obtained by multiplying the rows in factor score and columns in factor loading matrix for the entire dataset, in which the index of rows and columns correspond to the samples for a specified period. From the results of the PMF analysis show that the soil dust (34%), vehicle emissions (33.03%) and secondary aerosols (38.29%) are the major sources for PM 10 , PM 2.5 and PM 0.1 mass concentrations, respectively, at the station.
Source 1: The first source is soil dust, which includes most of the crustal elements and has high concentrations of Fe, Ca, Na, Mg, Al and K. These elements are the major constituents of airborne soil and road dust, and usually make an important contribution to coarse aerosol (Lough et al., 2005) . The concentration of Ca is attributed to local construction activities in the area, where concrete was being mixed in the vicinity of the site. Preparation of road surfaces for new pavements also produced an increase in the observed calcium concentrations . PMF analysis showed that 'soil dust' contributed to about 34%, 20.14% and 12.19% of the aerosol mass on average for PM 10 , PM 2.5 and PM 0.1 mass concentrations, respectively, at Shinjung station.
Source 2: The second source is vehicle exhausts, as it is dominated by elements such as Cu, Zn and Sb. Pb and Ni have been widely used as representative markers for vehicle sources. Furusjo et al., (2007) especially those with two-stroke engines, such as motorcycles and motor scooters. In two-stroke engines, fuel and lubricant are mixed and burnt together in the piston chambers, with Zn being emitted. In a four-stroke engine, lubricants are introduced into the cylinders separately, and Zn is emitted from the four-stroke materials (Begum et al., 2005) . In our study, this factor was the principal contributor of these metals, and therefore the profile was attributed to vehicle emissions. The results of PMF analysis show that such emissions contributed to about 24.92%, 33.03% and 33.59% of the aerosol mass on average for PM 10 , PM 2.5 and PM 0.1 mass concentrations, respectively, at Shinjung station. Source 3: The PMF results show that source 3 had the highest mass fractions of Na and Cl. Source profiles with dominant Na and Cl, as identified in various source apportionment studies conducted in coastal areas have been classified as sea salt (Wu et al., 2007; Guo et al., 2009) . Sievering et al. (1991) suggested that SO 2 could react on the sea salt particles to produce SO 4 2− in addition to the direct reaction of the gas phase H 2 SO 4 with NaCl. It appears that this profile includes a combination of sea salt with additional secondary material. The PMF analysis shows that sea salt contributed to about 8.4%, 1.12% and 1.16% for PM 10 , PM 2.5 and PM 0.1 mass concentrations, respectively. Source 4: Secondary aerosol is produced as a result of the reaction and transformation between the emitted pollutants in air, and it is generally difficult to accurately allocate their sources. Secondary aerosols formed by photochemical and other chemical processes are known to be major constituents of the fine particulate matter measured in most industrialized areas. Secondary aerosols of particulate matter include nitrates and sulfates emitted directly from anthropogenic or natural sources, and/or formed in the atmosphere. Biomass burns, wood burning, and vegetative burning have been characterized as having high concentrations of potassium and sulphates by various source apportionment studies (Ogulei et al., 2006; Wu et al., 2007) . This source also reflects regional or long-range transport. Source 4 in the current study was observed to be composed of higher mass fractions of secondary nitrates and sulphates, namely NO 3 − , NH 4 + and SO 4 2− . In source apportionment studies conducted by Kim et al., (2007) in Ohio, Raman and Hopke (2007) in New York and Tsai and Chen (2006) secondary nitrates, and the secondary sulfates have been identified as a major source of PM 2.5 in various source apportionment studies Ogulei et al., 2006) . The current PMF analysis shows that secondary aerosols contributed to about 24.33%, 22.27% and 37.25% for PM 10 , PM 2.5 and PM 0.1 mass concentrations, respectively. Source 5: Metal elements, such as Cr, Fe, Ni, As and Mn, are present in high concentrations and attributed to industrial sources, as some metal manufacturing plants are located near the sampling sites. The source was estimated as an industrial waste incinerator (made up of several smallsized incinerators) or Pb-related industries due to the high percentage of Pb as well as the positive contribution of Cl, K, Sb, SO 4 2− , and NH 4 + (Lim et al., 2010) . Pb and Sb have been used as markers of incinerator in a number of papers Morishita et al., 2006 Fig. 8 and Fig. 9 . In these figures, high concentrations of Cr, Cd, Ni, Se, V and Zn clearly indicate the source is fossil fuel combustion. Cr and Cd are known to occur at high temperatures during the combustion of coal, oil, refuse, and so on. Ni and V are widely used as markers for the combustion of heating fuel (Vallius et al., 2005) , while Se and Zn are representative marker species for oilfired power plants and coal combustion, respectively Morishita et al., 2006) . Metal elements and ionic compounds, such as K, Se, Na, Cl, NH 4 + and SO 4 2− are present in high concentrations and attributed to biomass burning. The results show that OC and EC are contributed by traffic emissions, biomass burning, wood burning and vegetative burning, different to the source contributions for PM 2.5 obtained without OC and EC data. This suggests the importance of including OC and EC data in future studies of source apportionment by PMF analysis for all PM fractions.
Conditional Probability Function Study
The estimation of the average mass contribution of source factors by wind sectors is based on the values of the wind sector factor loading obtained from the PMF analysis. The results are shown in Fig. 10 for the major source factors, as well as the total contribution from all the source factors. Since the prevailing winds were in the NE sector, the directional contributions of most of the source factors were also dominated by these wind sectors, as expected, while secondary aerosols and soil dust aerosols were directionality contributed in the NE and SW sectors. The vehicle emission factor directionality was contributed in the NE and NW directions due to highways and heavy traffic. The sea salt aerosols directionality were contributed in the directions of the SE and SW sectors, which confirms that sea breeze was the major contributing factor for sea spray. 
Comparison of Particle Concentrations and Source Contributions in Asia
Particulate mass concentration data collected in Asia are presented in Table 4 . The highest average PM 10 concentration was obtained in urban areas like Agra, India (ranged from 270-290 μg/m 3 (Pipal et al., 2011) and Guangzhou, China (ranged from 120-130 μg/m 3 ) (Cao et al., 2004) . The highest average PM 2.5 concentration was also obtained in urban areas like Agra, India (ranged from 80-90 μg/m 3 ) (Pipal et al., 2011) and Guangzhou, China (78 μg/m 3 ) (Cao et al. 2004) and Ordos, China (51 μg/m 3 ) (Wang et al., 2012) . The PM 10 , PM 2.5 and PM 0.1 concentrations obtained in this study were found to be the lowest in the Asian region, with mean values of about 39.45 ± 11.58, 21.82 ± 7.50 and 1.42 ± 0.56 μg/m 3 , respectively. The observed average PM 10 mass concentrations are much lower than the air quality standard of 125 μg/m 3 (daily average) of the Taiwan Environmental Protection Agency (EPA), and PM 2.5 mass concentrations are also lower than the air quality standards that will be adopted in the future, 35 μg/m 3 (daily average). the earlier researchers used hundreds of samples and more than 10 species in their analysis. In general, three to eight source factors were resolved for PM 10 particles, and fiveeight for PM 2.5 particles, depending on the site characteristics and sampling periods in the studies. For most of the studies, a similar set of major source types was always identified.
For example, soil dust, vehicle emissions, industrial emissions and secondary aerosols were the most common major source types identified for particulate matters. Using a reasonably sized data set, this study shows the current PMF analysis is also capable of resolving source factors which are similar to those reported in the literature with larger data sets.
CONCLUSIONS
Source apportionment of PM 10 , PM 2.5 and PM 0.1 measured in Shinjung station was conducted using the advanced factor analysis model, PMF3. Soil dust was identified as the major source accounting for 34% of the PM 10 apportioned mass, followed by vehicle emissions (24.92%), secondary aerosols (24.33%), sea salt (8.4%) and industrial emissions (8.35%). In the case of PM 2.5, vehicle emissions were identified as the major source (33.03%), while sea salt (1.12%) was identified as the least importance one. However, in the case of PM 0.1 , secondary aerosols (38.29%) were identified as major source and sea salt (1.16%) as the least importance one. From the CPF analysis, the results of directional dependencies matched well with the location of known sources in the area. The results clearly showed that the NE wind sectors were dominant for most of the source Zhang et al. (2008) factors observed, except in the case of industrial emissions and sea salt aerosols. The results of this study can be applied to reasonably sized data sets to enable source location and apportionment of PM in local pollution problems. This study can also help stakeholders and policymakers in understanding the influence of regional and local sources of PM 10 , PM 2.5 and PM 0.1 on urban areas, and thus to identify effective emission control strategies.
